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Structural breaksThis paper applies the vector AR-DCC-FIAPARCHmodel to eight national stockmarket indices' daily returns from
1988 to 2010, taking into account the structural breaks of each time series linked to the Asian and the recent
Global ﬁnancial crisis. We ﬁnd signiﬁcant cross effects, as well as long range volatility dependence, asymmetric
volatility response to positive and negative shocks, and the power of returns that best ﬁts the volatility pattern.
One of the main ﬁndings of the model analysis is the higher dynamic correlations of the stock markets after a
crisis event, which means increased contagion effects between the markets. The fact that during the crisis the
conditional correlations remain on a high level indicates a continuous herding behaviour during these periods
of increased market volatility. Finally, during the recent Global ﬁnancial crisis the correlations remain on a
much higher level than during the Asian ﬁnancial crisis.
© 2014 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/3.0/).1. Introduction
The intrinsic informational content that ﬁnancial crises provide to
the research community is certainly one of the key reasons they remain
in the spotlight of theﬁnance and broader economic literature long after
they are resolved. The 1997 Asian ﬁnancial crisis, the Global ﬁnancial
crisis of 2007–08 and the ongoing European sovereign-debt crisis are
evidently among the most important events that stirred universal fear
of a worldwide economic meltdown due to ﬁnancial contagion among
investors, ﬁnancial market practitioners and policy makers alike. And
inevitably, what ourmodelling tools can tell us about the period around
those times is, among other things, the channel through which our
existing risk management paradigms and decision-making processes
will evolve to better address similar episodes in the future.
In this spirit, the availability of data and processing power capacity
together with the recent developments in econometrics allow us to pin-
point better than ever before, properties of the underlying stochastic
processes that are crucial albeit hard to uncover (i) in constructively
challenging long-established assumptions of the ﬁnancial practice
such as the beneﬁts of international portfolio diversiﬁcation, especially
during periods of economic turmoil or (ii) in shedding light on how. Karanasos).
. This is an open access article underthe properties of our modelling efforts of the underlying stochastic pro-
cesses project the impact of these crises. Our paper introduces a uniﬁed
approach and demonstrates how it can be used to determine key as-
pects ofmodelling around periods of economic turmoil, such as changes
in the linkages between ﬁnancial markets, in long memory and power
effects among others. In particular, we focus on stockmarket volatilities
and co-volatilities and how they have changed due to the Asian and the
recent Global ﬁnancial crises.
The study of the linkages between volatilities and co-volatilities of
the ﬁnancial markets is a critical issue in risk management practice.
The multivariate GARCH framework provides the tools to understand
how ﬁnancial volatilities move together over time and across markets.
For thorough surveys of the available Multivariate GARCH models and
their use in various ﬁelds of risk management such as option pricing,
hedging and portfolio selection see Bauwens, Laurent, and Rombouts
(2006) and Silvennoinen and Teräsvirta (2009).
Conrad, Karanasos, and Zeng (2011) applied a multivariate fraction-
ally integrated asymmetric power ARCH (FIAPARCH) model that
combines long memory, power transformations of the conditional vari-
ances, and leverage effects with constant conditional correlations (CCC)
on eight national stockmarket indices returns. The long-range volatility
dependence, the power transformation of returns and the asymmetric
response of volatility to positive and negative shocks are three features
that improve the modelling of the volatility process of asset returns
and its implications for the various risk management practices. We
extend their model by allowing for cross effects between the marketsthe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
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relations. We also study the effect of ﬁnancial crisis events on the dy-
namic conditional correlations as well as on the three key features of
the conditional variance nested in the model. Therefore, the
contribution of the present study is that our model provides a com-
plete framework for the analysis of ﬁnancial markets' co-volatility
processes.
The empirical analysis of our model applied to eight stock indices
daily returns in a bivariate and trivariate framework provides evidence
that conﬁrms the importance of long memory in the conditional
variance, of the power transformations of returns to best ﬁt the volatil-
ity process and of the asymmetric response of volatility to positive and
negative shocks. A Wald testing procedure strongly supports our re-
sults.We extend the existing empirical evidence on the dynamic condi-
tional correlations (DCC) models by adding all cross effects in themean
equation, that is we estimate a full vector autoregressive (VAR) model,
to reveal the relationship among the returns of each multivariate spec-
iﬁcation. In the previous studies the researchers have added as regres-
sor in the mean for all stock market indices a prevailing global index
return, such as S&P 500 or an index of particular interest for the region
and the period investigated. Our cross effects are found signiﬁcant in
most cases.
Moreover, another of our main ﬁndings regards the DCC analysis
with structural breaks. In line with the literature, our model esti-
mates always highly persistent conditional correlations. The correla-
tions increase during crisis events, indicating contagion effects
between the markets, and remain on a high level after the crisis
break, showing the investors' herding behaviour. Finally, we contrib-
ute to the existing literature ﬁndings by comparing two different ﬁ-
nancial crises, the Asian (1997) and the recent Global (2007–08)
crisis, in terms of their effects on the correlations, where we observe
much more heightened conditional correlation estimates for the re-
cent Global crisis than for the Asian crisis. This is reasonable since
the international ﬁnancial integration followed by the ﬁnancial
liberalisation and deregulation in capital controls has reached its
peak nowadays compared to its evolution during the Asian ﬁnancial
crisis in 1997.
The remainder of the paper is structured as follows. Section 2
discusses the existing empirical literature on the ﬁnancial crises, the
contagion effects among the ﬁnancial markets and the investors'
herding behaviour. In Section 3 we detail the multivariate FIAPARCH
model with DCC and the methodology for detecting structural breaks.
Section 4 discusses the data and presents the empirical results. Quasi
Maximum likelihood parameter estimates for the various speciﬁcations
and results of theWald testing procedures are presented. We also eval-
uate the different speciﬁcations, taking into account the structural
breaks of each time series linked with two ﬁnancial crisis events. Each
multivariate speciﬁcation is re-estimated under three subsamples
deﬁned by the break dates detected for each country combination. In
addition, two contagion tests are performed in Section 6. The ﬁnal
Section concludes the analysis.
2. Literature review
2.1. Financial crises and the DCC model
There are several studies that investigate the two crises (the Asian
and the recent Global one) using the DCC model. Cho and Parhizgari
(2008) study the Asian ﬁnancial crisis effects on correlations between
eight East Asian stock markets. Using the AR(1)-DCC-GARCH(1,1)
model on daily returns they ﬁnd an upward trend in DCCs after
the break date of the crisis. They observe a shift in themean and theme-
dian of the DCCs computed by the model. Chiang, Jeon, and Li (2007)
also use an AR(1)-DCC-GARCH(1,1) on nine Asian stock markets
plus theUSmarket (as explanatory variable in themean equation) to in-
vestigate the effects of the Asian crisis. They conclude that there arehigher correlations during the crisis, where volatility is also increased.
They also observe two phases in the crisis period. In the ﬁrst phase
the correlations increase, which means contagion effect, and in the sec-
ond phase the correlations remain high, which means investors'
herding behaviour.
Syllignakis and Kouretas (2011) use the AR(1)-DCC-GARCH(1,1)
model to investigate the correlation pattern (before and after the cur-
rent ﬁnancial crisis) between the US, the Russian and seven emerging
markets of Central and East Europe. They consider cross effects in the
mean caused only by either the US, the German or the Russian index
returns but not by the other dependent variables of each multivariate
model. They ﬁnd an increase in conditional correlations between the
stock market returns during the crisis (2007–2009). They use weekly
returns and then dummy variables for the crisis periods as regressors
in a separate regression of the generated DCC. Kenourgios and Samitas
(2011) apply the asymmetric generalized (AG) DCC-GARCH(1,1)
model of Cappiello, Engle, and Sheppard (2006) to conﬁrm the in-
creased dynamic correlations between ﬁve emerging Balkan stockmar-
kets, the US and three developed European markets during the current
ﬁnancial crisis, also considering asymmetries in correlation dynamics.
They conclude that the higher stock market interdependence is due to
herding behaviour during the crisis period. Kenourgios, Samitas, and
Paltalidis (2011) extend their paper to investigate the conditional
correlations over ﬁve ﬁnancial crisis events from 1995 to 2006 for
the BRICs, the US and the UK using various DCCmodels like the original
one of Engle (2002) and the AG-DCC aswell. More recently, Kenourgios
and Padhi (2012) again estimated AG-DCCmodels to study correlations
during crisis periods between 1994 and 2008 on nine emergingmarkets
and the US.
Kazi, Guesmi, and Kaabia (2011) use amultivariate DCC-GARCH(1,1)
model to investigate the correlations between seventeen OECD stock
market returns before and during the current Global ﬁnancial crisis.
They use the Bai and Perron (2003) structural break test and apply
the DCC model for the whole period (2002–2009) and the two sub-
periods, deﬁned by the structural break detected (1–10–2007), which
corresponds to the beginning of the crisis. They observe a signiﬁcant in-
crease in DCC during the crisis (after October 2007) compared to the
pre-crisis period (before October 2007), which conﬁrms the ﬁnding of
previous studies of a higher contagion effect during ﬁnancial crisis pe-
riods. Kotkatvuori-Örnberg, Nikkinen, and Äijö (2013) also focus on
the current ﬁnancial crisis with data from ﬁfty stock market indices
for the period 2007 to 2009, accounting for two major events: JP
Morgan's acquisition of Bear Stearns and the Lehman Brothers' collapse
with dummy variables for the unconditional variance in the multivari-
ate GARCH(1,1) equation. Then the DCC model is applied in six
multivariate speciﬁcations for each region and the correlations generat-
ed are further used to run multivariate GARCH(1,1) with the same in-
tercept dummies in the mean and the variance. The impact of the
crisis is found signiﬁcant on stockmarkets' comovements and especially
the effect of the Lehman Brothers' collapse is prominent across all
regions.
The advantage of our analysis in comparison with the above studies
is the FIAPARCH speciﬁcation of the conditional variance, while the
existing studies use the simple GARCH model. We also assume t-
distributed innovations, since daily ﬁnancial data exhibit excess kurto-
sis, while all the abovementioned papers assumeGaussian innovations.
Moreover, we add in the mean equation the cross effects between all
the dependent variables and not a common regressor for all the returns,
such as the US stock index in Chiang et al. (2007), and thus we estimate
a full VARmodel.We also apply the completemethodology of Karoglou
(2010) to identify the structural breaks in the mean and the volatility
dynamics of the stock returns, using a comprehensive set of data-
drivenmethods of structural change detection and not only a single sta-
tistical test.Weﬁnally use a very large sample period from1988 to 2010
of daily stock returns, the widest among the studies considered under
our literature review.
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There are some recent studies that use the DCC models of either
Engle (2002) or Tse and Tsui (2002) with the FIAPARCH speciﬁcation
in the variance equation. Aloui (2011) uses daily stock index returns
from Latin American markets for the period 1995–2009 and runs
the multivariate FIAPARCH with Engle's DCC, assuming t-distributed
innovations following Conrad et al. (2011). The DCCs generated
are modelled separately with an AR(p)-GARCH(1,1) with intercept
dummies for the crisis events in the mean and the variance equation.
The breaks are deﬁned from the economic approach of each crisis timing,
the Asian ﬁnancial crisis (AFC), the Global ﬁnancial crisis (GFC) and
the regional Latin American crises. They prove that the correlations
are much higher during periods of ﬁnancial crises and especially the re-
gional crises and the GFC. Ho and Zhang (2012) apply among other
models the multivariate FIAPARCH framework with the DCC of Tse and
Tsui (2002) with the normality assumption for the errors on daily
Chinese stock index returns from 1992 to 2006. They focus on the
key features of the variance speciﬁcation, the asymmetries and the
long memory and on the time varying behaviour of the conditional
correlations. They do not use breaks and do not investigate the effect of
crisis events.
Dimitriou and Kenourgios (2013) apply the multivariate FIAPARCH
framework of Tse (1998) with the DCC of Engle (2002) on foreign
exchange rates daily data from 2004 to 2011 with t-distributed errors,
in order to identify the effect of the recent ﬁnancial crisis. They detect
the structural breaks according to an economic approach deﬁning the
exact timing of the major crisis events and a statistical approach
applying the Markov Switching Dynamic Regression model. They run
the multivariate DCC-FIAPARCH on the whole sample without cross
effects for the ﬁve currency series and with the DCCs generated they
run an AR(p)-GJR-GARCH(1,1) with intercept dummies for the crisis
breaks in the mean and the variance equation of the DCCs to measure
the crisis effects. They conclude that there are lower exchange rate
correlations during turbulent times. Dimitriou, Kenourgios, and Simos
(2013) also use the same FIAPARCH speciﬁcation in a bivariate
framework for stock returns of the US and the BRICs markets pairwise
for the period 1997–2012. They assume again t-distributed errors
but they use the DCC of Tse and Tsui (2002) instead of Engle's (2002)
speciﬁcation. They model the DCCs extracted from the whole sample
and detect the breaks in the same way in order to investigate the
correlation dynamics during the several phases of the recent ﬁnancial
crisis. Stock market correlations are found to be increased after early
2009.
In the light of themore recent DCC-FIAPARCH studies, ourmodelling
still provides a comprehensive analysis of the volatility and correlation
processes for three main reasons: we use an outstanding breaks
methodology, we apply the mean cross effects (that is a full VAR
model) and our data cover the longest sample period, which is split
into subsamples for the crisis periods in order to re-estimate the same
model speciﬁcations and analyse the time varying behaviour of the
parameters and the effects of the ﬁnancial crises.
2.3. Contagion effects
Our empirical results below (see Section 6) are in line with the
existing empirical evidence that supports the increase in conditional
correlations during crisis and justiﬁes the contagion effects among the
ﬁnancialmarkets and the investors' herding behaviour. As a brief review
of the studies on the markets' interdependence during crisis events we
ﬁrst refer to Lin, Engle, and Ito (1994), who report the link between
higher correlations and higher volatility periods in equity market
returns as an ‘empirical regularity’ to start their research on intradaily
stock prices across markets. Ang and Bekaert (1999) and Longin and
Solnik (2001) observe higher volatility periods associated with higher
correlations between different stock index returns in bear markets.Bartram and Wang (2005) provide evidence that contagion effects
exist during crises with higher correlation estimates. Boyer, Kumagai,
and Yuan (2006) show that correlation estimates increase during crisis
periods and investigate the transmission mechanisms across different
markets. Increased herding behaviour during crisis is proved in Chiang
and Zheng (2010) for some of the countries under study. Sandoval
and Franca (2012) use various techniques to measure the correlation
between themarkets during crises and ﬁnd that in turbulent timesmar-
kets exhibit higher degrees of comovement.
Corsetti, Pericoli, and Sbracia (2001) show that although the stock
markets' volatilities and covariances increase during crises, the cor-
relations are not necessarily higher. Forbes and Rigobon (2002)
give the deﬁnition of contagion as “the signiﬁcant increase in cross-
market linkages after a shock to one country”. They develop tests
on the contagion effect during a crisis and show that the correlation
coefﬁcients are conditional on market volatilities. During a crisis the
market volatilities are higher, so the correlations are biased upwards.
They ﬁnd no contagion effect during crises by estimating the uncondi-
tional correlations, but they accept that there is interdependence
(high level of market comovement) across the markets in any state of
the economy. Billio and Pelizzon (2003) investigate the tests proposed
by the two above mentioned studies to detect contagion or interdepen-
dence acrossmarkets during ﬁnancial crisis events. Chakrabarti and Roll
(2002) observe higher covariances, correlations and volatilities, after
the Asian ﬁnancial crisis arose, in both Asian and European markets.
Yang and Lim (2004) ﬁnd that during the Asian ﬁnancial crisis a conta-
gion effect is apparent across the stock markets with a higher degree of
interdependence in the whole region. Khan and Park (2009) ﬁnd
herding contagion across Asian markets during the Asian ﬁnancial cri-
sis, measuring the cross-country correlations. Finally, Moldovan
(2011) proves that correlations between the threemajor ﬁnancial mar-
kets (US, UK and Japan) are higher after the recent ﬁnancial crash of
2007 than before.
In the ﬁnancial crisis literature review we ﬁnd no study that com-
pares the AFC and the GFC, except for Aloui (2011), who investigates
the effects of the two crises only on Latin American markets with a
narrower sample. Our extended sample from 1988 to 2010 gave us
the chance to compare the conditional correlations after each crisis.
We ﬁnd higher correlation estimates after the GFC break than after
the AFC. This is absolutely expected since the international ﬁnancial
integration is more apparent in recent years. The evident risk trans-
mission across markets as well as the key characteristics of volatility
(co-persistence and asymmetry) during crises should be of primary
interest for the market players (all sorts of investors and risk man-
agers) and the regulators. The market participants must take into
account themarket's stylized facts captured by ourmodel. For example,
the volatility persistence affects the investment horizon and the higher
correlations reduce the portfolio diversiﬁcation gains. The ﬁnancial au-
thorities have to consider such ﬁndings in order to establish the appro-
priate market control measures and protect the investors from extreme
risk exposures.
3. Methodology
3.1. Multivariate FIAPARCH-DCC model
Themost commonmodel in ﬁnance to describe a time series of daily
stock index returns is the VAR of order 1 process. Let us deﬁne the N-
dimensional column vector of the returns rt as rt = [rit]i = 1,…,N and
the corresponding residual vector εt as εt = [εit]i = 1,…,N. The structure
of the VAR (1) mean equation with cross effects is given by
rt¼ ϕþΦrt−1þεt ð1Þ
where ϕ= [ϕi]i = 1,…,N is anN × 1 vector of constants; the N × N coefﬁ-
cient matrix Φ= [ϕij]i,j = 1,…,N can be expressed as Φ= Φ(d) + Φ(od),
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allow Φ(od) ≠ 0 (matrices and vectors are denoted by upper and lower
case boldface symbols, respectively). For example, the bivariate
AR(1) model is given by
r1t
r2t
 
¼ ϕ01ϕ02
 
þ ϕ11 ϕ12ϕ21 ϕ22
 
r1;t−1
r2;t−1
 
þ ε1tε2t
 
or
r1t
r2t
 
¼ ϕ01ϕ02
 
þ ϕ11 00 ϕ22
 
þ 0 ϕ12ϕ21 0
  
r1;t−1
r2;t−1
 
þ ε1tε2t
 
:
Regarding εt we assume that it is conditionally student-t distrib-
uted with mean vector 0, covariance matrix Σt ¼ E εtε0t jF t−1  ¼
σ i j;t
 	
i; j¼1;…;N , and variance vector σ t ¼ E ε^2t jF t−1
  ¼ σ ii;t 	i¼1;…;N
or σt = (IN ⊙ Σt)i with i being an N × 1 vector of ones (the symbol
⊙ denotes element wise multiplication); σt follows a multivariate
FIAPARCH(1,d,1) model (see below).
Notice that εt can be written as (et⊙ qt∧ − 1/2)⊙ σt∧1/2 (the symbol ^
denotes element wise exponentiation)where et=[eit]i = 1,… N is condi-
tionally student-t distributed with mean vector 0, time varying covari-
ance (symmetric positive deﬁnite) matrix Qt = [qij,t]i,j = 1,…,N (the so
called quasi-correlations, see Engle, 2009) and variance vector qt =
(IN ⊙ Qt)i. It follows that
σ i j;t ¼ E εitε jt F t−1j

 
¼ E eite jtﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
qii;tq j j;t
p ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃσ ii;tσ j j;tp F t−1j
 !
¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
σ ii;tσ j j;t
p
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
qii;tq j j;t
p E eite jtF t−1
  ¼ ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃσ ii;tσ j j;tp qi j;tﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃqii;tq j j;tp ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
σ ii;tσ j j;t
p
ρi j;t :
Most importantly, we allow for DCC, ρi j;t ¼ σ i j;t= ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃσ ii;tσ j j;tp , |ρij,t| ≤ 1
(i, j=1,…, N)∀ t, instead of the constant ones, ρij, used by Conrad et al.
(2011) (see below).
The covariance matrix Σt can be expressed as
Σt ¼ IN⊙Σ∧1=2t

 
Rt IN⊙Σ
∧1=2
t

 
; ð2Þ
where Rt= [ρij,t]i,j = 1,…,N is the N × N symmetric positive semi-deﬁnite
time varying correlationmatrixwith ones on the diagonal (ρii,t=1) and
the off-diagonal elements less than one in absolute value.
Next, the structure of the conditional variance is speciﬁed as in Tse
(1998), who combines the FIGARCH formulation of Baillie, Bollerslev,
and Mikkelsen (1996) with the APARCH model of Ding, Granger, and
Engle (1993). The multivariate FIAPARCH(1,d,1) we estimate is speci-
ﬁed as follows:
β Lð Þ⊙σ⊼δi=2t ¼ ω þ β Lð Þ−c Lð Þ⊙d Lð Þ½ ⊙ f εtð Þ;
f εtð Þ ¼ ðjεtj−γεtÞ⊼δi ; ð3Þ
where β(L) = [1− βiL]i = 1,…,N, ω= [ωi]i = 1,…,N, ωi ∈ (0, ∞); c(L) =
[1− ciL]i = 1,…,N, |ci| b 1, andd Lð Þ ¼ 1−Lð Þdi
h i
i¼1;…N
, 0 ≤ di ≤ 1 are all N
× 1 vectors; |εt| is the vector εt with elements stripped of negative
values and γ = [γi]i = 1,…,N is the vector of the leverage coefﬁcients,
|γi| b 1; the power terms, δi, take ﬁnite positive values and are used in
element wise exponentiation, that is σ⊼δi=2t raises the ith standard
deviation to the power of δi. In other words, each conditional variance
follows a FIAPARCH(1,d,1) model:
1−βiLÞσδi=2ii;t ¼ ωi þ 1−βiLð Þ− 1−ciLð Þ 1−Lð Þdi
h i
jεit j−γiεitð Þδi ; i ¼ 1;…;N:


ð4Þ
The sufﬁcient conditions of Bollerslev and Mikkelsen (1996) for the
positivity of the conditional variance of a FIGARCH (1,d,1) model: ωi N 0,
βi−di ≤ci ≤ 2−di3 and di ci−1−di2ð Þ≤βi ci−βi þ dið Þ , should be satisﬁed ∀ i
(see also Conrad and Haag (2006) and Conrad (2010)). Of course whendi = 0 the model reduces to the APARCH(1,1): 1−βiLð Þσδi=2ii;t ¼ ωi þ αiL
jεit j−γiεitð Þδi , αi = ci− βi; in addition, when δi = 2, γi = 0 it reduces
to the GARCH(1,1): (1− βiL)σii,t = ωi + αiLεit2.
Finally, the structure of Rt according to Engle (2002) is given by
Rt ¼ IN⊙Q t∧−1=2

 
Q t IN⊙Q t
∧−1=2

 
; ð5Þ
Q t ¼ 1−a−bð ÞQ þ aet−1e0t−1 þ bQ t−1; ð6Þ
whereQ ¼ EðQ tÞ ¼ qi j
h i
i; j¼1;…;N
, a and b are nonnegative scalar param-
eters satisfying a+ b b 1. It is clear that Engle (2002) speciﬁes the con-
ditional correlations as a weighted sum of past correlations, since the
matrix of the quasi correlations, Qt, is written as a GARCH process and
then transformed to a correlation matrix. Engle (2002, 2009) used the
estimator Q^ ¼ 1T∑Tt¼1e^t e^0t .
In the bivariate case the conditional correlation coefﬁcient ρ12,t is
expressed as follows:
ρ12;t ¼
q12;tﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
q11;tq22;t
p ;
q12;t ¼ 1−a−bð Þq12 þ ae1;t−1e2;t−1 þ bq12;t−1;
q11;t ¼ 1−a−bð Þq11 þ ae21;t−1 þ bq11;t−1;
q22;t ¼ 1−a−bð Þq22 þ ae22;t−1 þ bq22;t−1:
ð7Þ
3.2. Structural breaks
In order to identify the number and timing of the potential structural
breaks we employ the Awarding-Nominating procedure of Karoglou
(2010). This procedure involves two stages: the “Nominating breakdates”
stage and the “Awarding breakdates” stage.
The “Nominating breakdates” stage involves the use of one or more
statistical tests to identify some dates as possible breakdates. In recent
years, a number of statistical tests have been developed for that reason
and for the purposes of this paper, we use the following ones:
(a) I&T (Inclán & Tiao, 1994)
(b) SAC1 (the ﬁrst test of Sansó et al., 2003)
(c) SAC2BT, SAC2QS, SAC2VH (the second test of Sansó et al., 2003,
with the Bartlett kernel, the Quadratic Spectral kernel, and the
Vector Autoregressive HAC or VARHAC kernel of Den Haan &
Levin, 1998 respectively)
(d) K&LBT, K&LQS, K&LVH (the version of the Kokoszka & Leipus,
2000 test reﬁned by Andreou & Ghysels, 2002 with the Bartlett
kernel, the Quadratic Spectral kernel, and the VARHAC kernel
respectively).
These tests are designed to detect a structural change in the volatility
dynamics, but in fact they do not discriminate between shifts in the
mean and shifts in the variance. For the purpose of this paper, this is a
plausible feature since all types of breaks need to be considered in
order to determine if and to what extent the distributional properties
change when moving from one regime to another. Furthermore, their
properties for strongly dependent series have been extensively investi-
gated (e.g. Andreou &Ghysels, 2002; Karoglou, 2006; Sansó et al., 2003)
and there is evidence that they perform satisfactorily under the most
common ARCH-type processes.
To identify multiple breaks in a series we incorporate the aforemen-
tioned test in the following iterative scheme (algorithm):
1. Calculate the test statistic under consideration using the available data.
2. If the statistic is above the critical value split the particular sample into
two parts at the date atwhich the value of a test statistic ismaximized.
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change-points are found.
4. Mark this point as an estimated change-point of the whole series.
5. Remove the observations that precede this point (i.e. those that con-
stitute the ﬁrst segment).
6. Consider the remaining observations as the new sample and repeat
steps 1 to 5 until no more change-points are found.
The above algorithm is implemented with each of the (single
breakdate CUSUM-type) test statistics described above (i.e. I&T, SAC1,
SAC2BT, SAC2QS, SAC2VH, K&LBT, K&LQS, K&LVH).
What differentiates this scheme from a simple binary division proce-
dure is that it forces the existing breaks to be detected in a time-orderly
fashion, which makes it more robust when transitional periods exist —
in which case a simple binary division procedure is likely to produce
more breaks in the interim period. In the absence of transitional periods
both procedures will produce the same breaks.
The nominated breakdates for each series are simply all thosewhich
have been detected in each case. Note that at this stagewe are notmuch
concernedwith detectingmore breaks than those that actually exist be-
cause whichever is not an actual breakdate will be picked up in the
Awarding breakdates stage.
The “Awarding breakdates” stage is a procedurewhich, in essence, is
about uniting contiguous nominated segments (i.e. segments that are
deﬁned by the nominated breakdates) unless one of the following two
conditions is satisﬁed:
(I) the means of the contiguous segments are statistically different
(as suggested by the t-test)
(II) the variances of the contiguous segments are statistically differ-
ent (as suggested by the battery of tests which is described
below)
This testing procedure is repeated until no more segments can be
united, that is, until no condition of the two above is satisﬁed for any
pair of contiguous segments.
The battery of tests mentioned in (II) constitute a different ap-
proach to the CUSUM-type tests described previously in that they
test for the homogeneity of variances of contiguous segments with-
out encompassing the time-series dimension of the data. They in-
clude the standard F-test, the Siegel–Tukey test with continuityTable 1a
Break dates and subsamples.
Panel A: Break dates
1st break
CAC–DAX 17/03/1997
CAC–FTSE 17/03/1997
DAX–FTSE 21/07/1997
HS–NIKKEI 24/10/2001
HS–STRAITS 28/08/1997
NIKKEI–STRAITS 28/08/1997
SP–TSE 27/03/1997
ASIA 28/08/1997
EUROPE 17/03/1997
Panel B: Subsamples
Subsample A
CAC–DAX 01/01/1988–17/03/1997
CAC–FTSE 01/01/1988–17/03/1997
DAX–FTSE 01/01/1988–21/07/1997
HS–NIKKEI 01/01/1988–24/10/2001
HS–STRAITS 01/01/1988–28/08/1997
NIKKEI–STRAITS 01/01/1988–28/08/1997
SP–TSE 01/01/1988–27/03/1997
ASIA 01/01/1988–28/08/1997
EUROPE 01/01/1988–17/03/1997correction (Sheskin, 2004, and Siegel & Tukey, 1960), the adjusted
Bartlett test (see Judge, Hill, Grifﬁths, Lütkepohl, & Lee, 1988, and
Sokal & Rohlf, 1995), the Levene test (1960) and the Brown and
Forsythe (1974) test.
Overall, we ﬁnd that the stochastic behaviour of all indices yields
about three to seven breaks during the sample period, roughly one
every two to four years on average. The resulting break dates for each
series are in the additional Appendix (which is available upon request),
Table A.1. The predominant feature of the underlying segments is that
mainly changes in variance are found statistically signiﬁcant. Finally,
there are several breakdates that are identical in all series and others
that are very close to one another, which apparently signify economic
events with a global impact.
Table A.2 in the additional Appendix provides a detailed account
of the possible associations that can be drawn between each
breakdate and a major economic event that took place at or around
the breakdate period, either in the world or in each respective econ-
omy. It appears that dates for the extraordinary events of the AFC of
1997, the GFC of 2007–08 and the European sovereign-debt crisis
that followed are very clearly identiﬁed in all stock return series
and with very little or no variability. Other less spectacular events,
such as the Russian ﬁnancial crisis of 1998, the Japanese asset price
bubble of 1986–1991 or the UK's withdrawal from the European
Exchange Rate Mechanism (ERM), can also be associated with the
breakdates that have been identiﬁed in some series. Table A.3
presents some of the descriptive statistics of the stock returns of
each segment between the breakdates. The variability of the mean
returns becomes particularly prominent for all countries at the end
of our sample i.e. after the 2007–08 ﬁnancial crisis. In exactly the
same period, the stock market uncertainty as proxied by the stan-
dard deviation rises dramatically.
We selected among the breaks detected (for each series' combi-
nation for the respective bivariate and trivariate models) the two
dates that correspond to the two ﬁnancial crisis events, on which
we will focus in our analysis. These dates are also the most common
breaks of each series' combination. We intend to study the impact
of the AFC of 1997 and the recent GFC of 2007–08 on the volatility
and correlation dynamics of the eight stock markets. As seen in
Table 1a we break the whole sample into three subsamples and
rerun all the models under the same speciﬁcations. The ﬁrst2nd break
15/01/2008
24/07/2007
24/07/2007
27/07/2007
26/07/2007
26/07/2007
15/01/2008
26/07/2007
24/07/2007
Subsample B Subsample C
18/03/1997–30/06/2010 18/03/1997–15/01/2008
18/03/1997–30/06/2010 18/03/1997–24/07/2007
22/07/1997–30/06/2010 22/07/1997–24/07/2007
25/10/2001–30/06/2010 25/10/2001–27/07/2007
29/08/1997–30/06/2010 29/08/1997–26/07/2007
29/08/1997–30/06/2010 29/08/1997–26/07/2007
28/03/1997–30/06/2010 28/03/1997–15/01/2008
29/08/1997–30/06/2010 29/08/1997–26/07/2007
18/03/1997–30/06/2010 18/03/1997–24/07/2007
Table 1b
Descriptive statistics.
CAC DAX FTSE HS NIKKEI STRAITS SP TSE
Panel A: Returns descriptive statistics
Minimum −4.1134 −5.9525 −4.0240 −10.649 −5.2598 −4.43287 −4.1126 −4.2509
Maximum 4.6011 4.6893 4.0756 7.4903 5.7477 6.4573 4.7587 4.0695
Mean 0.0092 0.0132 0.0078 0.0160 −0.0062 0.0105 0.0106 0.0094
Median 0.0000 0.0188 0.0028 0.0000 0.0000 0.0000 0.0113 0.0153
Standard deviation 0.5948 0.6240 0.4812 0.7292 0.6403 0.5686 0.4946 0.4351
Skewness −0.0369 −0.2220 −0.1276 −0.5687 −0.0384 −0.0362 −0.2635 −0.7959
Kurtosis 8.2136 9.3199 9.8214 19.9725 9.2271 12.6490 12.4805 15.2183
Jarque–Bera statistic 6647.14 9813.85 11393 70748.6 9482.4 22764.9 22043.6 37119.9
Panel B: Returns correlations
CAC 1.0000
DAX 0.7869 1.0000
FTSE 0.7950 0.7004 1.0000
HS 0.3110 0.3343 0.3286 1.0000
NIKKEI 0.2775 0.2591 0.2820 0.4310 1.0000
STRAITS 0.3203 0.3360 0.3291 0.6251 0.4100 1.0000
SP 0.4550 0.4674 0.4598 0.1550 0.1136 0.1723 1.0000
TSE 0.4600 0.4491 0.4785 0.2286 0.1968 0.2261 0.6986 1.0000
Table 3
Bivariate AR(1)-DCC-FIAPARCH(1,d,1) models mean equation.
ϕii ϕij (i ≠ j)
CAC–DAX CAC 0.02
(0.97)
−0.01
(−0.53)
DAX −0.10
(−5.18)***
0.11
(6.32)***
CAC–FTSE CAC −0.01
(−0.74)
0.03
(1.27)
FTSE 0.02
(0.85)
−0.01
(−0.88)
DAX–FTSE DAX −0.07
(−4.45***)
0.11
(5.40)***
FTSE 0.03
(1.81)**
−0.02
(−1.84)**
HS–NIKKEI HS 0.04
(2.50)***
−0.02
(−1.93)***
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the break date near the AFC. This is the pre-AFC period. The second
subsample (B) starts from the AFC and ends on our last observation
of 2010. This is called the post-AFC period, which also includes the
current crisis. Finally, the third subsample (C) starts from the AFC
break point and ends on the GFC break. This is the period between
the two crises.
4. Empirical analysis
4.1. Data
Daily stock price index data for eight countries were sourced from
the Datastream database for the period 1st January 1988 to 30th June
2010, giving a total of 5869 observations. The eight countries and
their respective price indices are: UK: FTSE 100 (FTSE), US: S&P
500 (SP), Germany: DAX 30 (DAX), France: CAC 40 (CAC), Japan:
Nikkei 225 (NIKKEI), Singapore: Straits Times (STRAITS), Hong
Kong: Hang Seng (HS) and Canada: TSE 300 (TSE). We selected the
most representative indices for the European, Asian and American
stock markets. Our sample is large enough to include various crisis
events like the Asian (1997), the Russian (1998) and the recent
Global crisis, which is still an on-going process beginning from
2007. For each national index, the continuously compounded return
was estimated as rt= (log pt− log pt − 1) × 100 where pt is the price
on day t.
The descriptive statistics of each return series and the series correla-
tions pairwise are reported in Table 1b. The mean of all returns is posi-
tive except for NIKKEI. The Asian returns show greater standardTable 2
Engle and Sheppard test for DCC E-S test (j)~χ2(j + 1) under H0: CCC model.
E-S test(12) p-Values
CAC–DAX 375.73 [0.00]
CAC–FTSE 414.24 [0.00]
DAX–FTSE 305.11 [0.00]
HS–NIKKEI 99.54 [0.00]
HS–STRAITS 128.76 [0.00]
NIKKEI–STRAITS 53.43 [0.00]
SP–TSE 56.62 [0.00]
ASIA 211.63 [0.00]
EUROPE 533.58 [0.00]deviation on average than the European and the American. FTSE from
Europe and the two American series have the lowest values of uncondi-
tional volatility, between 44% and 49%. HS and NIKKEI exhibit the
highest volatility, 73% and 64%, respectively, and DAX follows with
62%. CAC and STRAITS volatility is calculated in the middle, 59% and
57%, respectively. It is obvious that the normality hypothesis for our
daily returns is rejected. All series exhibit skewness with negative values
of the relevant measure, indicating that the data are skewed left
(long left tail), and excess kurtosis, far above the benchmark of 3 of
the normality case, which means a more ‘peaked’ data distribution
(leptokurtosis). The higher correlations are computed for the EuropeanNIKKEI −0.03
(−2.53)***
0.03
(3.15)***
HS–STRAITS HS 0.01
(0.53)
0.06
(3.24)***
STRAITS 0.08
(4.83)***
0.02
(1.28)
NIKKEI–STRAITS NIKKEI −0.04
(−2.84)***
0.07
(5.03)***
STRAITS 0.08
(5.66)***
−0.003
(−0.31)
SP–TSE SP −0.02
(−1.34)
0.01
(0.35)
TSE 0.06
(3.63)***
0.07
(5.57)***
Notes: The numbers in parentheses are t-statistics.
***, **, * denote signiﬁcance at the 0.05, 0.10, 0.15 level respectively.
Table 4
Bivariate AR(1)-DCC-FIAPARCH(1,d,1) models— Variance equation.
βi ci γi δi di
CAC–DAX CAC 0.61
(13.26)***
0.26
(10.31)***
0.41
(6.02)***
1.52
(17.54)***
0.41
(8.33)***
DAX 0.57
(10.70)***
0.24
(7.64)***
0.31
(5.10)***
1.64
(19.70)***
0.39
(8.64)***
CAC–FTSE CAC 0.59
(11.62)***
0.26
(8.99)***
0.40
(5.62)***
1.63
(18.64)***
0.36
(7.78)***
FTSE 0.63
(16.71)***
0.28
(10.80)***
0.38
(5.88)***
1.55
(17.60)***
0.41
(10.43)***
DAX–FTSE DAX 0.55
(9.27)***
0.20
(5.73)***
0.31
(5.25)***
1.62
(17.97)***
0.39
(8.83)***
FTSE 0.62
(14.75)***
0.24
(8.89)***
0.40
(6.20)***
1.47
(16.27)***
0.43
(10.58)***
HS–NIKKEI HS 0.54
(7.21)***
0.23
(4.86)***
0.31
(4.61)***
1.58
(19.68)***
0.38
(7.76)***
NIKKEI 0.54
(9.06)***
0.19
(5.05)***
0.47
(4.47)***
1.70
(15.33)***
0.38
(7.21)***
HS–STRAITS HS 0.53
(7.36)***
0.26
(5.46)***
0.31
(4.75)***
1.58
(21.15)***
0.35
(7.63)***
STRAITS 0.46
(6.25)***
0.22
(4.19)***
0.18
(4.66)***
1.81
(19.92)***
0.35
(7.80)***
NIKKEI–STRAITS NIKKEI 0.50
(7.68)***
0.19
(4.18)***
0.48
(4.46)***
1.75
(15.25)***
0.36
(7.23)***
STRAITS 0.27
(1.94)***
0.09
(0.72)***
0.20
(4.67)***
1.89
(19.52)***
0.30
(7.74)***
SP–TSE SP 0.59
(10.40)***
0.27
(8.54)***
0.56
(5.60)***
1.52
(16.78)***
0.37
(6.99)***
TSE 0.57
(10.29)***
0.24
(6.16)***
0.23
(4.52)***
1.66
(21.62)***
0.41
(10.40)***
Notes: See notes in Table 3.
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the American variables' correlation to the Asian variables is lower than
their correlation to the European. See in the Appendix the graphs of
each return series.Table 6
Bivariate AR(1)-DCC-FIAPARCH(1,d,1) Models degrees of freedom — Ljung–Box test
statistics.
υ Q12 Q122
CAC–DAX CAC 8.03
(12.61)***
13.93
[0.31]
34.99
[0.00]
DAX 21.37
[0.05]
15.06
[0.24]
CAC–FTSE CAC 9.63
(11.41)***
18.64
[0.10]
11.23
[0.51]
FTSE 12.11
[0.44]
19.94
[0.07]
DAX–FTSE DAX 9.20 19.74 8.404.2. Multivariate models
Multivariate GARCH models with time varying correlations are
essential for enhancing our understanding of the relationships be-
tween the (co-)volatilities of economic and ﬁnancial time series.
Thus in this Section, within the framework of the multivariate DCC
model, we will analyse the dynamic adjustments of the variances
and the correlations for the various indices. Overall we estimate
seven bivariate speciﬁcations: three for the European countries:
CAC 40–DAX 30 (CAC–DAX), CAC 40–FTSE 100 (CAC–FTSE) and
DAX 30–FTSE 100 (DAX–FTSE); three for the Asian countries: Hang
Seng–Nikkei 225 (HS–NIKKEI), Hang Seng–Straits Times (HS–Table 5
Bivariate AR(1)-DCC-FIAPARCH (1,d,1) models equation for quasi correlations.
ρij a b
CAC–DAX 0.42
(1.60)*
0.0159
(3.52)***
0.9840
(213.3)***
CAC–FTSE 0.25
(1.25)
0.0241
(2.81)***
0.9758
(112.1)***
DAX–FTSE 0.26
(1.37)
0.0228
(2.79)***
0.9771
(117.4)***
HS–NIKKEI 0.37
(5.09)***
0.0119
(2.14)***
0.9861
(134.9)***
HS–STRAITS 0.52
(20.95)***
0.0523
(5.09)***
0.9138
(43.00)***
NIKKEI–STRAITS 0.30
(4.41)***
0.0117
(1.56)*
0.9860
(92.24)***
SP–TSE 0.64
(28.31)***
0.0261
(3.59)***
0.9589
(61.74)***
Notes: See notes in Table 3.STRAITS) and Nikkei 225–Straits Times (NIKKEI–STRAITS); one for
the S&P 500 and TSE 300 indices (SP–TSE). Moreover, we estimate
two trivariate models: one for the three European countries (CAC–(11.50)*** [0.07] [0.75]
FTSE 11.03
[0.53]
24.94
[0.02]
HS–NIKKEI HS 7.02
(15.22)***
32.52
[0.00]
57.59
[0.00]
NIKKEI 11.67
[0.47]
7.15
[0.85]
HS–STRAITS HS 6.23
(15.75)***
21.39
[0.04]
76.45
[0.00]
STRAITS 16.69
[0.16]
1.58
[1.00]
NIKKEI–STRAITS NIKKEI 6.92
(14.87)***
8.33
[0.76]
10.46
[0.58]
STRAITS 23.24
[0.03]
1.56
[1.00]
SP–TSE SP 7.33
(14.31)***
34.23
[0.00]
8.75
[0.72]
TSE 19.33
[0.08]
5.21
[0.95]
Notes: The numbers in parentheses are t-statistics.
The numbers in brackets are p-values.
***, **, * denote signiﬁcance at the 0.05, 0.10, 0.15 level respectively.
Table 7
Wald tests - χ2(1) — Bivariate models.
Panel A: Tests for restrictions on fractional differencing parameters
H0 di ' s di ' s = 0 di ' s = 1
CAC–DAX 0.41 {0.05}–0.39 {0.04} 81.17 [0.00] 5.65 [0.02]
CAC–FTSE 0.36 {0.05}–0.41 {0.04} 95.13 [0.00] 8.75 [0.00]
DAX–FTSE 0.39 {0.04}–0.43 {0.04} 120.75 [0.00] 5.38 [0.02]
HS–NIKKEI 0.38 {0.05}–0.38 {0.05} 98.47 [0.00] 9.25 [0.00]
HS–STRAITS 0.35 {0.05}–0.35 {0.04} 93.60 [0.00] 17.17 [0.00]
NIKKEI–STRAITS 0.36 {0.05}–0.30 {0.04} 100.74 [0.00] 27.10 [0.00]
SP–TSE 0.37 {0.05}–0.41 {0.04} 100.95 [0.00] 8.58 [0.00]
Panel B: Tests for restrictions on power term parameters
H0 δi ' s δi ' s = 1 δi ' s = 2
CAC–DAX 1.52 {0.09}–1.64 {0.08} 199.12 [0.00] 57.29 [0.00]
CAC–FTSE 1.63 {0.09}–1.55 {0.09} 203.89 [0.00] 59.48 [0.00]
DAX–FTSE 1.62 {0.09}–1.47 {0.09} 199.66 [0.00] 54.28 [0.00]
HS–NIKKEI 1.58 {0.08}–1.70 {0.11} 260.08 [0.00] 82.24 [0.00]
HS–STRAITS 1.58 {0.07}–1.81 {0.09} 348.13 [0.00] 118.02 [0.00]
NIKKEI–STRAITS 1.75 {0.11}–1.89 {0.10} 285.20 [0.00] 109.83 [0.00]
SP–TSE 1.52 {0.09}–1.66 {0.08} 241.94 [0.00] 70.86 [0.00]
Notes: For each of the seven pairs of indices, Table 7 reports the values of theWald statis-
tics of the unrestricted bivariate DCC-FIAPARCH(1,d,1) and the restricted (di = 0,1;
δ = 1,2) models respectively.
The numbers in curly brackets are standard errors.
The numbers in square brackets are p-values.
Table 8
Trivariate AR(1)-DCC-FIAPARCH(1,d,1) models.
CAC–DAX–FTSE NIKKEI–HS–STRAITS
CAC DAX FTSE NIKKEI HS STRAITS
ϕii −0.02
(−0.78)
D
−0.10
(−5.14)***
C
0.03
(1.52)*
C
−0.04
(−2.98)***
HS
0.01
(0.68)
N
0.07
(4.28)***
N
ϕij −0.01
(−0.46)
F
0.08
(4.03)***
F
−0.01
(−0.46)
D
0.02
(2.05)***
S
−0.02
(−1.99)***
S
−0.002
(−0.19)
HS
0.05
(2.24)***
0.05
(2.31)***
−0.01
(−0.93)
0.05
(3.37)***
0.05
(2.82)***
0.01
(0.95)
βi 0.59
(14.91)***
0.56
(10.94)
0.62
(18.64)***
0.55
(9.10)***
0.56
(8.67)***
0.45
(6.15)***
ci 0.29
(11.37)***
0.26
(7.75)***
0.29
(11.83)***
0.19
(5.05)***
0.27
(6.54)***
0.23
(4.14)***
γi 0.35
(6.04)***
0.25
(4.73)***
0.38
(5.73)***
0.41
(4.91)***
0.25
(4.26)***
0.16
(4.05)***
δi 1.59
(19.86)***
1.70
(20.68)***
1.52
(16.72)***
1.77
(16.48)***
1.61
(21.04)***
1.83
(20.25)***
di 0.35
(10.21)***
C–D
0.35
(9.72)***
C–F
0.38
(12.12)***
D–F
0.40
(7.61)***
HS–N
0.36
(7.89)***
N–S
0.32
(7.67)
S–HS
ρij 0.45
(2.65)***
0.27
(1.74)**
0.33
(0.38)***
0.38
(13.68)***
0.33
(11.43)
0.50
(18.50)***
a 0.0129
(5.61)***
0.0326
(2.89)***
b 0.9870
(425.2)***
0.9449
(36.48)***
υ 8.57
(15.42)***
7.42
(17.09)***
Q12 15.89
[0.20]
20.01
[0.07]
12.96
[0.37]
9.55
[0.66]
26.81
[0.01]
19.40
[0.08]
Q12
2 46.76
[0.00]
23.57
[0.02]
24.78
[0.02]
9.82
[0.63]
95.19
[0.00]
1.55
[1.00]
Notes: See notes in Table 6.
Table 9
Wald tests — χ2(1) — Trivariate models.
H0 CAC–DAX–FTSE NIKKEI–HS–STRAITS
di ' s 0.35 {0.03}–0.35 {0.04}–0.38 {0.03} 0.40 {0.05}–0.36 {0.05}–0.32 {0.04}
di ' s = 0 157.89 [0.00] 137.46 [0.00]
di ' s = 1 0.92 [0.34] 0.73 [0.39]
δi ' s 1.59 {0.08}–1.70 {0.08}–1.52 {0.09} 1.77 {0.11}–1.61 {0.08}–1.83 {0.09}
δi ' s = 1 358.65 [0.00] 593.48 [0.00]
δi ' s = 2 194.97 [0.00] 345.16 [0.00]
Notes: The numbers in curly brackets are standard errors.
The numbers in square brackets are p-values.
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STRAITS). We have also performed the test of Engle and Sheppard
(2001) for DCC against constant conditional correlations in all models.
Table 2 shows that the CCC hypothesis is always rejected at 100% signif-
icance level.
We estimate the various speciﬁcations using the approximate
Quasi Maximum Likelihood Estimation (QMLE) method as imple-
mented in the OxMetrics module G@rch 5.0 by Laurent (2007). The
existence of outliers, particularly in daily data, causes the dis-
tribution of returns to exhibit excess kurtosis (Table 1b, panel A
with descriptive statistics). To accommodate the presence of such
leptokurtosis, we estimate the models using student-t distributed
innovations.
4.2.1. Bivariate processes
For the mean equation we choose a VAR(1) process whereas in the
variance equation a (1,d,1) order is chosen for the FIAPARCH formula-
tion with DCC.
Table 3 gives the mean equation coefﬁcients estimates. In the
majority of the models (nine out of fourteen) the AR(1) coefﬁcients
(ϕii) are signiﬁcant at the 10% level or better. The mean equation of
diagonal elements ofΦ (ϕij), which capture the cross effects between
the series, are also signiﬁcant in most of the cases (eight out of the
fourteen cases). In the European stock markets we see that DAX is
positively affected by the other two European indices while the
German index has a negative impact on FTSE. In the Asian markets
there is a mixed bidirectional feedback between HS and NIKKEI,
where the latter affects the former negatively and the effect in the
opposite direction is positive. STRAITS affects both HS and NIKKEI
positively, but it is independent of changes from the other two
Asian indices. Finally, there is a unidirectional positive feedback
from SP to TSE.
Table 4 summarizes the variance equation results. In all cases the
fractional differencing parameter (di), the power term parameter (δi)
and the asymmetry parameter (γi) are highly signiﬁcant. The estimates
for two GARCH parameters (βi, ci) are also signiﬁcant except for one
case. The fractional parameters are very similar in the three European
models with values between 0.36 and 0.43, while in the Asian models
we get similar but slightly lower values of long-range volatilitydependence (0.30–0.38). The SP–TSE process generated signiﬁcant esti-
mates (0.37 and 0.41), similar to the other six models. The power terms
are also similar, with the values from the Asian pairs being higher than
in the other four bivariate formulations. The three Asian processes gave
powers between 1.58 and 1.89, while in the rest of the models we ob-
tained power terms between 1.47 and 1.66. It is worth mentioning
that STRAITS exhibits the highest power terms (1.89 and 1.81) and
the lowest degree of (long-memory) persistence (0.30 and 0.35) in
the two bivariate formulations that are included (NIKKEI–STRAITS
and HS–STRAITS, respectively). Finally, the asymmetric response of vol-
atility to positive and negative shocks is strong in all cases. The value of
the corresponding parameter γi is between 0.18 (STRAITS) and 0.56
(SP).
The unconditional correlation coefﬁcient ρij is highly signiﬁcant in
most cases (ﬁve out of the seven cases, see the ﬁrst column of
Table 5). CAC–FTSE and DAX–FTSE generated insigniﬁcant coefﬁcients.
It is interesting that CAC–FTSE also gave insigniﬁcant cross effects in
340 M. Karanasos et al. / International Review of Financial Analysis 45 (2016) 332–349the mean of returns (see Table 3). Among the other models, SP–TSE
gave the highest unconditional correlation parameter, 0.64, whereas
the lowest signiﬁcant value is obtained from NIKKEI–STRAITS, that is
0.30. The DCC parameters a and b are also highly signiﬁcant, indicating
a considerable time varying comovement. The persistence of the condi-
tional correlations, measured by the sum of a and b, is always high and
close to unity, that is between 0.9661 and 0.9999. b is always above 0.90
and a is below 0.05, revealing slight response to innovations and major
persistence.
The degrees of freedom (Rt) parameters are highly signiﬁcant
and ﬂuctuate around 7 for the Asian and American models and
around 9 for the European processes. In the majority of the cases
the hypothesis of uncorrelated standardized and squared standard-
ized residuals is well supported (see the last two columns of
Table 6).
Next, the Wald testing procedure applied on the estimated models
provides support for the consideration of long memory and power fea-
tures in our modelling. We examine the Wald statistics for the linear
constraints di ′ s = 0 (stable APARCH) and di ′ s = 1 (IAPARCH). As
seen in panel A of Table 7, the Wald tests clearly reject both the stable
and the integrated null hypotheses against the FIAPARCH one. We also
test whether the estimated power terms are signiﬁcantly different
from unity or two usingWald tests. All the estimated power coefﬁcients
are signiﬁcantly different from either unity or two (see Table 7, panel B).
We observe in all cases higher Wald statistics for the di ′ s= 0 and the
δi ′ s = 1 hypotheses in comparison with their alternatives: di ′ s = 1
and δi ′ s = 2, which means that the former hypotheses are more
‘rejectable’ than the latter ones.
4.2.2. Trivariate processes
Table 8 reports the parameters of interest for the two trivariate
AR(1)-DCC-FIAPARCH(1,d,1) models for the three European and the
three Asian indices. The cross effects in the mean equation are similar
to the bivariate results. DAX is positively affected by both CAC and
FTSE as in the bivariate processes, while FTSE is independent of changes
from the other two markets in the trivariate model. In the trivariate
model of the Asian countries we obtain the same results for the cross ef-
fects as in the bivariate ones. The ARCH and GARCH parameters (βi, ci)
are highly signiﬁcant in all cases. The fractional parameters (di) are allTable 10
Bivariate AR(1)-DCC–FIAPARCH(1,d,1) models.
Variance equation: Fractional parameter di
Whole sample Subsample A
CAC DAX CAC DA
CAC–DAX 0.41
(8.33)***
0.39
(8.64)***
0.29
(3.76)***
0.4
(3
CAC FTSE CAC FT
CAC–FTSE 0.36
(7.78)***
0.41
(10.43)***
0.40
(4.46)***
0.4
(2
DAX FTSE DAX FT
DAX–FTSE 0.39
(8.83)***
0.43
(10.58)***
0.40
(5.11)***
0.3
(3
HS NIKKEI HS NI
HS–NIKKEI 0.38
(7.76)***
0.38
(7.21)***
0.39
(5.29)***
0.3
(4
HS STRAITS HS ST
HS–STRAITS 0.35
(7.63)***
0.35
(7.80)***
0.27
(5.54)***
0.0
(1
NIKKEI STRAITS NIKKEI ST
NIKKEI–STRAITS 0.36
(7.23)***
0.30
(7.74)***
0.34
(3.78)***
0.2
(7
SP TSE SP TS
SP–TSE 0.37
(6.99)***
0.41
(10.40)***
0.32
(5.01)***
0.1
(5
Notes: See notes in Table 3.signiﬁcant and similar to the ones obtained from the bivariate models.
FTSE gives the highest value for di among the three European series as
in the bivariate case and the same stands for NIKKEI (0.40) in the
Asian countries. The power terms δi are also signiﬁcant and in accor-
dance with the corresponding results from the bivariate models. The
Asian indices give higher power terms on average in comparison with
the European indices. The asymmetry parameter γi is strong in both
models and similar to the bivariate cases. STRAITS again gives the lowest
value of di (0.32), the highest value of δi (1.83) and the lowest value of γi
(0.16). Both trivariatemodels generate strong unconditional correlation
coefﬁcients ρij, which are all highly signiﬁcant unlike the bivariate cases
of the European countries. In Europe the highest unconditional correla-
tion is between CAC and DAX (0.45). The highest correlation between
the French and the German ﬁnancial markets is justiﬁed since they are
both Continental European markets. FTSE is the Anglo-Saxon market
with characteristics that differ traditionally from the Continental
European markets because of more advanced ﬁnancial liberalisation
and deregulation. So, the correlation of FTSE to CAC or DAX is found to
be lower. In Asia the highest unconditional correlation is between HS
and STRAITS (0.50), the same as in the bivariatemodels. The conditional
correlations' is again high (close to unity) and signiﬁcant in both
models. Finally, the degrees of freedom (∑t = 1T ) parameters are highly
signiﬁcant and lower in Asia than in Europe, which also conﬁrms the bi-
variate results.
Next, again we examine the Wald statistics for the linear con-
straints di ' s = 0 (stable APARCH) and di ' s = 1 (IAPARCH). As
seen in Table 9 the Wald tests reject the stable null hypothesis but
not the integrated one, unlike the bivariate results, where both hy-
potheses are rejected against the FIAPARCH one. Regarding the
Wald tests of the power terms, all the estimated power coefﬁcients
are signiﬁcantly different from either unity or two as in the bivariate
models.
4.3. Subsamples
4.3.1. Bivariate processes
All bivariate models run for the whole sample period are re-
estimated for each subsample period under the same speciﬁcation,
that is the AR(1)-DCC-FIAPARCH(1,d,1) with student-t distributedSubsample B Subsample C
X CAC DAX CAC DAX
3
.64)***
0.42
(5.17)***
0.39
(5.78)***
0.29
(3.61)***
0.29
(5.06)***
SE CAC FTSE CAC FTSE
5
.68)***
0.31
(6.19)***
0.36
(9.01)***
0.37
(5.66)***
0.37
(8.30)***
SE DAX FTSE DAX FTSE
1
.80)***
0.35
(6.97)***
0.39
(8.76)***
0.40
(6.51)***
0.39
(7.93)***
KKEI HS NIKKEI HS NIKKEI
4
.90)***
0.41
(5.32)***
0.43
(5.61)***
0.48
(2.43)***
0.39
(2.64)***
RAITS HS STRAITS HS STRAITS
5
.02)***
0.19
(2.80)***
0.29
(4.10)***
0.19
(2.77)***
0.31
(4.64)***
RAITS NIKKEI STRAITS NIKKEI STRAITS
2
.27)***
0.37
(6.44)***
0.32
(5.44)***
0.28
(4.55)***
0.26
0.96
E SP TSE SP TSE
2
.06)***
– – – –
Table 11
Tests for restrictions on fractional differencing parameters —Wald tests — χ2(1) — Bivariate models.
Whole sample Subsample A Subsample B Subsample C
H0 di ′ s = 0 di ′ s = 1 di ′ s = 0 di ′ s = 1 di ′ s = 0 di ′ s = 1 di ′ s = 0 di ′ s = 1
C–D 81.17 [0.00] 5.65 [0.02] 22.53 [0.00] 3.46 [0.06] 31.85 [0.00] 1.62 [0.20] 20.97 [0.00] 11.21 [0.00]
C–F 95.13 [0.00] 8.75 [0.00] 14.72 [0.00] 0.50 [0.48] 64.91 [0.00] 15.60 [0.00] 57.71 [0.00] 7.66 [0.01]
D–F 120.75 [0.00] 5.38 [0.02] 35.58 [0.00] 5.88 [0.02] 78.46 [0.00] 9.71 [0.00] 69.90 [0.00] 4.68 [0.03]
HS–N 98.47 [0.00] 9.25 [0.00] 49.17 [0.00] 7.23 [0.01] 48.55 [0.00] 1.76 [0.18] 11.09 [0.00] 0.23 [0.63]
HS–S 93.60 [0.00] 17.17 [0.00] 21.81 [0.00] 105.70 [0.00] 15.11 [0.00] 17.39 [0.00] 22.86 [0.00] 24.01 [0.00]
N–S 100.74 [0.00] 27.10 [0.00] 35.87 [0.00] 22.39 [0.00] 59.74 [0.00] 12.41 [0.00] 30.79 [0.00] 22.38 [0.00]
SP–T 100.95 [0.00] 8.58 [0.00] 41.01 [0.00] 64.98 [0.00] – – – –
Notes: The numbers in brackets are p-values.
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and C. The leverage parameter γi is signiﬁcant in most models in the
three subsamples and the estimated values are similar to those for the
whole sample (see the additional Appendix B, Tables B.3-B.5, which is
available upon request).
The fractional parameter results in Table 10 show that all esti-
mates are signiﬁcant except for one. In most cases the subsample
models' values of di ﬂuctuate around the respective value of the orig-
inal model (for the whole sample). We cannot conclude on a certain
direction of this ﬂuctuation. The degree of the series' long-memory
‘persistence’ across the different subperiods remains at the same
level for the majority of the models. Table 11 reports theWald statis-
tics for the linear constraints di ′ s = 0 and di ′ s = 1 across the sub-
periods. Both hypotheses are rejected against the FIAPARCH in most
cases.
The power term parameter δi is highly signiﬁcant across all sub-
samples' estimates (see Table 12). As in the case of the fractional pa-
rameter, the power terms for the sub-periods' models also ﬂuctuate
around the level of the value in the corresponding model for the en-
tire period. Interestingly, for most cases the power term estimates of
the period between the two crises (subsample C) are higher than the
estimates in the other two subsamples (A and B) and the whole
sample's values. TheWald tests (Table 13) show that δi is signiﬁcant-
ly different from either unity or two for all the cases across the three
subsamples.Table 12
Bivariate AR(1)-DCC-FIAPARCH(1,d,1) Models.
Variance equation: Power term parameter δi
Whole sample Subsample A
CAC DAX CAC DAX
CAC–DAX 1.52
(17.54)***
1.64
(19.70)***
1.65
(8.16)***
1.53
(5.81
CAC FTSE CAC FTSE
CAC–FTSE 1.63
(18.64)***
1.55
(17.60)***
1.42
(6.22)***
1.36
(4.28
DAX FTSE DAX FTSE
DAX–FTSE 1.62
(17.97)***
1.47
(16.27)***
1.37
(6.74)***
1.34
(4.21
HS NIKKEI HS NIKK
HS–NIKKEI 1.58
(19.68)***
1.70
(15.33)***
1.51
(14.84)***
1.91
(10.1
HS STRAITS HS STRA
HS–STRAITS 1.58
(21.15)***
1.81
(19.92)***
1.39
(16.01)***
2.18
(6.42
NIKKEI STRAITS NIKKEI STRA
NIKKEI–STRAITS 1.75
(15.25)***
1.89
(19.52)***
2.10
(8.32)***
1.87
(10.9
SP TSE SP TSE
SP–TSE 1.52
(16.78)***
1.66
(21.62)***
1.89
(7.17)***
2.22
(6.34
Notes: See notes in Table 3.The dynamic correlation estimates follow the predictable pattern ac-
cording to the ﬁnancial crisis literature. They are always lower before
the crisis. After the crisis break they are much higher and remain on a
higher level. These ﬁndings are depicted on the graphs of the dynamic
conditional correlations for each bivariate model presented in the Ap-
pendix. It is obvious that the DCCs estimated after the second break
for the GFC period are much higher than those after the AFC break, re-
vealing that the recent crisis has caused stronger contagion effects in
the market and leads the investors to exhibit more evident herding be-
haviour. During the GFC the international ﬁnancial integration is com-
plete in comparison with the AFC in 1997, where the ﬁnancial
liberalisation and deregulation was still in process. As seen in Table 14,
the correlation coefﬁcient ρij, which is signiﬁcant in most cases, in the
pre-AFC period (subsample A) always receives lower values than in
the post-AFC period and the period between the two crises (subsamples
B and C, respectively). For the majority of the models, we also observe
that the ρij value of the whole period model approaches mostly the
level of the pre-crisis model.
Finally, in the additional Appendix B (which is available upon
request) with all the parameters' estimations we observe that the
AR(1) coefﬁcients (ϕii) are signiﬁcant at the 15% level or better for the
majority of themodels in the subsamples. The cross effects are signiﬁcant
in many cases (see also panel A in Table 17). DAX, as with the whole
sample, is affected positively by the other two European indices before
the AFC (subsample A) and between the two crises (subsample C).Subsample B Subsample C
CAC DAX CAC DAX
)***
1.51
(13.60)***
1.61
(14.54)***
2.17
(8.13)***
2.14
(8.94)***
CAC FTSE CAC FTSE
)***
1.63
(14.90)***
1.47
(15.02)***
1.73
(12.65)***
1.48
(10.88)***
DAX FTSE DAX FTSE
)***
1.62
(14.16)***
1.43
(14.54)***
1.64
(11.08)***
1.55
(11.01)***
EI HS NIKKEI HS NIKKEI
4)***
1.83
(11.61)***
1.79
(9.74)***
1.81
(3.24)***
2.04
(5.49)***
ITS HS STRAITS HS STRAITS
)***
2.07
(11.30)***
1.98
(14.31)***
2.27
(11.11)***
2.09
(12.68)***
ITS NIKKEI STRAITS NIKKEI STRAITS
3)***
1.85
(9.05)***
1.98
(16.46)***
2.23
(7.09)***
2.05
(13.51)***
SP TSE SP TSE
)***
– – – –
Table 13
Tests for restrictions on power term parameters — Wald tests — χ2(1) — Bivariate models.
Whole sample Subsample A Subsample B Subsample C
H0 δi ' s = 1 δi ' s = 2 δi ' s = 1 δi ' s = 2 δi ' s = 1 δi ' s = 2 δi ' s = 1 δi ' s = 2
C–D 199.12 [0.00] 57.29 [0.00] 43.01 [0.00] 12.66 [0.00] 103.78 [0.00] 29.06 [0.00] 49.67 [0.00] 24.19 [0.00]
C–F 203.89 [0.00] 59.48 [0.00] 14.11 [0.00] 2.70 [0.10] 129.00 [0.00] 35.45 [0.00] 88.42 [0.00] 26.55 [0.00]
D–F 199.66 [0.00] 54.28 [0.00] 19.14 [0.00] 3.32 [0.07] 126.57 [0.00] 33.18 [0.00] 85.87 [0.00] 25.46 [0.00]
HS–N 260.08 [0.00] 82.24 [0.00] 126.62 [0.00] 43.41 [0.00] 94.59 [0.00] 36.13 [0.00] 16.13 [0.00] 6.80 [0.01]
HS–S 348.13 [0.00] 118.02 [0.00] 47.15 [0.00] 17.59 [0.00] 125.28 [0.00] 56.59 [0.00] 134.03 [0.00] 66.07 [0.00]
N–S 285.20 [0.00] 109.83 [0.00] 92.78 [0.00] 40.88 [0.00] 125.11 [0.00] 52.24 [0.00] 77.70 [0.00] 37.53 [0.00]
SP–T 241.94 [0.00] 70.86 [0.00] 37.37 [0.00] 17.20 [0.00] – – – –
Notes: The numbers in brackets are p-values.
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the period after the AFC until the end of the sample. Similarly, the
negative effect of the German index on FTSE disappears in the three
subsamples.
For the HS–NIKKEI pair, there is still a mixed bidirectional feedback in
the periods after the AFC and in between the two crises. However, the
negative effect of NIKKEI on HS disappears in the pre AFC period. In the
other two Asian pairs with STRAITS the ϕij coefﬁcients indicate a positive
effect fromSTRAITS toHS andNIKKEI for all three subsamples, aswith the
whole sample. The higher values of the cross effect coefﬁcients in the pe-
riod with the two crises taking place indicate a more sound market inte-
gration in Asia during the turbulent times. For the American pair in the
pre-AFC period, as in the whole period, SP affects TSE positively.4.3.2. Trivariate processes
Finally, we re-estimate the two trivariatemodels, one for the Asian in-
dices and one for the European, for the three subsamples. The Asian
model did not converge for the third sub-period and the European for
the second one. Our ﬁndings are very similar to the ones for the bivariate
processes. The fractional parameters and the power terms (Table 15,
panels A and B) ﬂuctuate around the values of the whole sample and
are always signiﬁcant. TheWald tests show that δi is signiﬁcantly different
from either unity or two, and they also reject the di ' s=0hypothesis, but
do not reject the di ' s=1(see panels A and B in Table 16). The correlation
coefﬁcients (Table 15, panel C) are again higher in the post-AFC periods
(subsamples B and C) than in the pre-AFC period (subsample A). See
also the graphs of the conditional correlations for the two trivariate
models in the appendix. The asymmetric response of volatility to positive
and negative shocks is strong in most subsamples' models, with γiTable 14
Bivariate AR(1)-DCC-FIAPARCH(1,d,1) Models.
Unconditional correlations ρij
Whole sample Subsample A Subsample B Subsample C
CAC–DAX 0.42
(1.60)*
0.53
(21.82)***
0.66
(1.98)***
0.68
(1.97)***
CAC–FTSE 0.25
(1.25)
0.24
(1.57)*
0.88
(41.51)***
0.84
(34.38)***
DAX–FTSE 0.26
(1.37)
0.26
(1.39)
0.82
(23.70)***
0.77
(25.75)***
HS–NIKKEI 0.37
(5.09)***
0.30
(12.40)***
0.55
(20.81)***
0.50
(13.73)***
HS–STRAITS 0.52
(20.95)***
0.38
(10.66)***
0.63
(37.52)***
0.57
(22.50)***
NIKKEI–STRAITS 0.30
(4.41)***
0.20
(5.50)***
0.46
(18.75)***
0.22
(2.23)***
SP–TSE 0.64
(28.31)***
0.54
(9.56)***
– –
Notes: See notes in Table 3ﬂuctuating around the respective estimated values of the whole sample
(see Tables B.6–B.8 in the additional Appendix B).
Regarding the cross effects in the additional Appendix B (see also
Table 17), DAX, similarly to the whole sample, is positively affected
by both CAC and FTSE in the pre-AFC period but only by CAC in the
period between the two crises, where the FTSE index affects the
French index positively as in the model for the whole sample. In
the Asian case, HS positively affects both NIKKEI and STRAITS before
the AFC, while STRAITS has a positive impact on the other two indices
in the post-AFC period, including also the GFC, as in the whole
sample. During this period NIKKEI affects HS negatively, as in the
whole sample.
4.4. Discussion
Our analysis gives strong evidence that conditional volatility is
best modelled with the FIAPARCH speciﬁcation, which combines
long memory, leverage effects and power transformations of the
conditional variances. These three features augment the traditional
GARCH model in a suitable way to adequately ﬁt the volatility pro-
cess. The Wald tests applied support the particular augmented
model and are in line with the results of Conrad et al. (2011). The
corresponding parameters are found robust to the structural breaks
in the returns' and volatilities' series, since their estimated values
in the subsamples are similar to those of the whole sample. The vol-
atility ‘persistence’, as measured by the longmemory parameter di, is
signiﬁcant in almost all cases and different from either zero or unity.
In the whole sample it hovers around the same level for the eight
stock markets, which indicates that a common factor of ‘persistence’
may affect the markets and due to the ﬁnancial integration their co-
persistence is apparent. The asymmetry parameter γi is always sig-
niﬁcant and positive, meaning a leverage for negative returns. That
is, negative shocks have stronger inﬂuence on the volatility of
returns than the positive shocks of the same level. The power term
δi allows us to increase the ﬂexibility of our modelling. The power
transformation of returns, which is signiﬁcantly different from one
and two, gives the appropriate formulation to model the volatility
process. One or more cross effects between the dependent variables
in the majority of the multivariate speciﬁcations are also signiﬁcant
for the mean of returns and show a time varying behaviour across
the subsamples. Finally, the implementation of the DCC model of
Engle (2002) provides a thorough insight into the time varying pat-
tern of conditional correlations, which accounts for structural breaks
that correspond to major ﬁnancial crisis events.
5. Contagion effect
In order to complete our empirical modelling of the main equity
markets during the two crisis periods we perform two contagion tests.
We intend to clarify whether the higher correlations observed in the
post crisis periods are due to the contagion between the ﬁnancial
Table 15
Trivariate AR(1)-DCC-FIAPARCH(1,d,1) models.
Panel A: Variance equation: Fractional parameter di
ASIA EUROPE
NIKKEI HS STRAITS CAC DAX FTSE
Whole sample 0.40
(7.61)***
0.36
(7.89)***
0.32
(7.67)***
0.35
(10.21)***
0.35
(9.72)***
0.38
(12.12)***
Subsample A 0.43
(3.06)***
0.26
(3.00)***
0.19
(7.36)***
0.32
(4.61)***
0.41
(4.15)***
0.42
(3.77)***
Subsample B 0.36
(6.80)***
0.22
(3.30)***
0.32
(5.90)***
– – –
Subsample C – – – 0.36
(2.70)***
0.39
(3.28)***
0.34
(3.80)***
Panel B: Variance equation: Power term parameter δi
ASIA EUROPE
NIKKEI HS STRAITS CAC DAX FTSE
Whole sample 1.77
(16.48)***
1.61
(21.04)***
1.83
(20.25)***
1.59
(19.56)***
1.70
(20.68)***
1.52
(16.72)***
Subsample A 2.19
(6.65)***
1.61
(10.09)***
2.01
(11.95)***
1.72
(9.58)***
1.57
(6.29)***
1.48
(5.47)***
Subsample B 1.95
(9.40)***
2.07
(12.72)***
1.94
(17.43)***
– – –
Subsample C – – – 1.70
(6.98)***
1.63
(6.00)***
1.45
(5.69)***
Panel C: Unconditional correlations ρij
ASIA EUROPE
NIKKEI-HS NIKKEI–STRAITS HS–STRAITS CAC–DAC CAC–FTSE DAX–FTSE
Whole sample 0.38
(13.68)***
0.33
(11.43)***
0.50
(18.50)***
0.45
(2.65)***
0.27
(1.74)***
0.33
(2.38)***
Subsample A 0.22
(6.77)***
0.20
(5.97)***
0.37
(11.29)***
0.54
(19.38)***
0.58
(23.08)***
0.44
(14.94)***
Subsample B 0.51
(25.07)***
0.47
(21.22)***
0.62
(36.10)***
– – –
Subsample C – – – 0.62
(0.84)
0.57
(1.18)
0.54
(1.62)*
Notes: See notes in Table 3
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(2002), contagion is characterised by the increased spillovers between
different markets after a crisis shock in one market and interdepen-
dence is their high inter-linkages during all states of the economy. The
higher volatilities after a shock result in higher correlation coefﬁcientsTable 16
Wald tests — χ2(1) — Trivariate models.
Panel A: Tests for restrictions on fractional differencing parameters
Asia Europe
H0 di ′ s = 0 di ′ s = 1 di ′ s = 0 di ′ s = 1
Whole sample 137.46 [0.00] 0.73 [0.39] 157.89 [0.00] 0.92 [0.34]
Subsample A 27.92 [0.00] 0.49 [0.48] 37.98 [0.00] 0.62 [0.43]
Subsample B 53.55 [0.00] 0.65 [0.42] – –
Subsample C – – 10.76 [0.00] 0.07 [0.79]
Panel B: Tests for restrictions on power term parameters
Asia Europe
H0 δi ' s = 1 δi ' s = 2 δi ' s = 1 δi ' s = 2
whole sample 593.48 [0.00] 345.16 [0.00] 358.65 [0.00] 194.97 [0.00]
subsample A 137.19 [0.00] 86.16 [0.00] 74.46 [0.00] 40.16 [0.00]
subsample B 230.53 [0.00] 146.89 [0.00] – –
subsample C – – 27.05 [0.00] 14.63 [0.00]
Notes: The numbers in brackets are p-values.calculations due to heteroskedasticity and omitted variables. This can
mislead the analysis in favour of contagion, while the interdependence
is the actual spillover phenomenon. Forbes and Rigobon (2002) pro-
posed an adjustment to the correlation coefﬁcient calculation in order
to test it during crisis events.Wewill use the DCC coefﬁcients generated
by (the estimated) Engle'smodel in order to overcome the limitations of
the classic correlations coefﬁcients. Cho and Parhizgari (2008) point out
the superiority of the DCCs in comparison to the Forbes and Rigobon
(2002) modiﬁed coefﬁcients, since Engle's model estimates not only
volatility-adjusted correlations but also correlations that consider the
time-varying behaviour of the volatility pattern.
Ourmodel's DCCs computed from themultivariate framework (with
cross effects in the mean equation, and long memory, asymmetries and
power transformations in the variance equation) are suitable to test the
contagion effect during both crises (AFC andGFC).Weperform two con-
tagion tests used broadly in the empirical literature: the t-test in the dif-
ference of the means of DCCs across the subsamples to detect the
signiﬁcant increase after crisis episodes (see for example Cho &
Parhizgari, 2008) and the DCCs regression analysis with crisis intercept
dummies to observe the upward shift of the correlations' mean (see, for
example, Chiang et al., 2007). The DCCs from the whole sample's bivar-
iate models are used for both tests. The two crisis breaks (see Table 1a)
are applied to determine the pre- and post-crisis periods of the t-test
and to form the dummies for the regressions.
The t-test is calculated for the difference of the dynamic correlations
means of each period before and after both crises. Tables 18 and 19
report the main statistical properties of the correlations for the whole
Table 17
Cross Effects (ϕij, i ≠ j, coefﬁcients).
Whole sample Pre-AFC period Post-AFC period Subsample C
Panel A: Bivariate models
CAC, FTSE →þ DAX CAC, FTSE →þ DAX – CAC, FTSE →þ DAX
DAX → FTSE – – –
STRAITS →þ NIKKEI, HS STRAITS→þ NIKKEI, HS STRAITS →þ NIKKEI, HS STRAITS →þ NIKKEI, HS
HS ⇄
þ
−
NIKKEI HS →
þ NIKKEI HS ⇄þ NIKKEI HS ⇄
þ
−
NIKKEI
SP →þ TSE SP →þ TSE NC NC
Panel B: Trivariate Models
CAC, FTSE →þ DAX CAC, FTSE →þ DAX NC CAC →þ DAX
FTSE →þ CAC – NC FTSE →þ CAC
STRAITS →þ NIKKEI, HS – STRAITS →þ NIKKEI, HS NC
HS ⇄
þ
−
NIKKEI HS →
þ NIKKEI, STRAITS NIKKEI → HS NC
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value for the means' difference. For both crises, we always reject the
null hypothesis that themeans are equal (two-sided test). We conclude
that their difference is statistically signiﬁcant and their increase after theTable 19
DCC mean difference t-tests for the recent Global Financial Crisis.
C–D C–F D
Whole sample Mean 0.7277 0.7090
Median 0.7527 0.7425
Std dev 0.1877 0.1803
N 5867 5867 5
Pre-GFC Mean 0.7004 0.6760
Median 0.7120 0.7088
Std dev 0.1809 0.1702
N 5226 5101 5
Post GFC Mean 0.9501 0.9285
Median 0.9530 0.9324
Std dev 0.0137 0.0223
N 641 766
GFC mean difference Increase 0.2497 0.2525
(%) increase 35.64 37.36
t-Test, p value 0.0000 0.0000
Table 18
DCC mean difference t-tests for the Asian Financial Crisis.
C–D C–F D–F
Whole Mean 0.7277 0.7090 0.6
Sample Median 0.7527 0.7425 0.6
Std dev 0.1877 0.1803 0.2
N 5867 5867 5867
Pre-AFC Mean 0.5538 0.5532 0.4
Median 0.5476 0.5858 0.4
Std dev 0.1222 0.1500 0.1
N 2400 2400 2490
Post AFC Mean 0.8481 0.8168 0.7
Median 0.8818 0.8382 0.7
Std dev 0.1178 0.1048 0.1
N 3467 3467 3377
Post AFC Mean 0.8250 0.7852 0.7
Excl. GFC Median 0.8645 0.8060 0.7
Std dev 0.1187 0.0970 0.1
N 2826 2701 2611
AFC mean Increase 0.2943 0.2637 0.3
Difference (%) increase 53.15 47.67 75.8
t-Test p value 0.0000 0.0000 0.0
AFC mean Increase 0.2712 0.2320 0.2
Difference (%) increase 48.97 41.94 66.9
Excl. GFC t-Test, p value 0.0000 0.0000 0.0crisis event denotes sound contagion effects due to the ﬁnancial shocks
of the AFC and the GFC. For the AFC shock, in particular, we also conﬁrm
the contagion effect by excluding the GFC period from the post-AFC sub-
sample. It is interesting that the lowest correlation shift after both crises–F HS–N HS–S N–S SP–T
0.6217 0.3972 0.5297 0.3543 0.6505
0.6494 0.4172 0.5439 0.3655 0.6658
0.2060 0.1478 0.1467 0.1426 0.0975
867 5867 5867 5867 5867
0.5810 0.3690 0.5128 0.3337 0.6449
0.5902 0.3892 0.5247 0.3432 0.6601
0.1896 0.1372 0.1448 0.1394 0.0976
101 5104 5103 5103 5226
0.8930 0.5857 0.6424 0.4921 0.6969
0.8947 0.5866 0.6630 0.4872 0.7182
0.0272 0.0342 0.1032 0.0668 0.0834
766 763 764 764 641
0.3120 0.2167 0.1296 0.1584 0.0521
53.70 58.73 25.27 47.46 8.07
0.0000 0.0000 0.0000 0.0000 0.0000
HS–N HS–S N–S SP–T
217 0.3972 0.5297 0.3543 0.6505
494 0.4172 0.5439 0.3655 0.6658
060 0.1478 0.1467 0.1426 0.0975
5867 5867 5867 5867
327 0.3220 0.4666 0.2648 0.6198
367 0.3504 0.4793 0.2615 0.6430
372 0.1317 0.1593 0.1449 0.1126
3602 2518 2518 2408
611 0.5167 0.5772 0.4216 0.6720
772 0.5228 0.5863 0.4386 0.6863
185 0.0758 0.1157 0.0964 0.0786
2265 3349 3349 3459
224 0.4817 0.5579 0.4008 0.6663
413 0.4904 0.5596 0.4030 0.6783
065 0.0665 0.1121 0.0939 0.0763
1502 2585 2585 2818
284 0.1947 0.1107 0.1568 0.0522
8 60.47 23.72 59.22 8.43
000 0.0000 0.0000 0.0000 0.0000
897 0.1597 0.0914 0.1360 0.0466
4 49.59 19.59 51.35 7.51
000 0.0000 0.0000 0.0000 0.0000
Table 20
DCC AR(1) mean equation with crisis dummies.
ρij,t = ψ0 + ψ1DUM1 + ψ2DUM2 + χ1ρij,t − 1 + εij,t
ψ0 ψ1 ψ2 ψ3
CAC–DAX 0.0030
(2.43)***
0.0015
(3.03)***
0.0006
(2.54)***
0.9946
(526.3)***
CAC–FTSE 0.0046
(2.84)***
0.0017
(2.56)***
0.0012
(2.81)***
0.9921
(386.0)***
DAX–FTSE 0.0046
(3.99)***
0.0032
(4.32)***
0.0017
(3.79)***
0.9895
(435.9)***
HS–NIKKEI 0.0111
(7.95)***
0.0035
(3.77)***
0.0025
(2.22)***
0.9673
(282.0)***
HS–STRAITS 0.0200
(8.67)***
0.0041
(3.72)***
0.0036
(2.81)***
0.9569
(246.6)***
NIKKEI–STRAITS 0.0085
(7.10)***
0.0029
(3.06)***
0.0020
(1.77)***
0.9703
(297.6)***
SP–TSE 0.0100
(4.86)***
0.0008
(1.83)***
0.9840
(324.7)***
SP–TSE 0.0100
(4.81)***
0.0010
(1.49)*
0.9846
(323.9)***
Notes: See notes in Table 3.
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late the t-statistics for shorter periods around the crisis breaks (500 ob-
servations before and after each crisis) and again the DCCs mean
difference is statistically signiﬁcant (results not reported due to space
considerations). Our empirical results conﬁrm the contagion phenome-
non for all the main ﬁnancial markets under study for both crises using
the t-test irrespective of the sample size.
In the regression analysis we run the DCCs (ρij,t) on a constant (ψ0),
the two crisis intercept dummies DUM1 for the AFC and DUM2 for the
GFC (with coefﬁcients ψ1 and ψ2, respectively) and the AR(1) lag with
the coefﬁcient χ1 to remove any serial correlation:
ρi j;t ¼ ψ0 þ ψ1DUM1 þ ψ2DUM2 þ χ1ρi j;t−1 þ ui j;t :
We limit our correlation model to the mean equation without
conditional variance estimation, since no ARCH effect is neglected.Fig. A.1. Return
Appendix A. GraphsTable 20 presents the regression results. The AR(1) coefﬁcient is al-
ways above 0.95, denoting very high correlation persistence. The in-
tercept dummies are always positive and signiﬁcant conﬁrming the
signiﬁcant correlations' increase, which means contagion effects
after both crises. For the SP–TSE pair the GFC dummy is insigniﬁcant
when both dummies are included, so we run two regressions for
each crisis dummy separately. We observe the lowest dummy coefﬁ-
cients with the smallest t-statistic for the US and Canada, which is in
accordance with the t-test procedure for the DCCs mean difference.
Our dynamic correlations analysis proves that both contagion tests
are in favour of contagion rather than simple interdependence after
the crisis shocks.6. Conclusion
The purpose of the current analysis was to investigate the appli-
cability of the multivariate FIAPARCH model with DCC to eight
stock market indices returns, also taking into account the structural
breaks corresponding to ﬁnancial crisis events. The VAR-DCC-
FIAPARCH model is proved to capture thoroughly the volatility and
correlation processes compared to simpler speciﬁcations, like the
multivariate GARCH with CCC.
We have provided strong evidence that conditional volatilities are
bettermodelled incorporating longmemory, power effects and leverage
features. We further prove that time varying conditional correlations
across markets, estimated by the DCC model, are highly persistent and
follow a sound upward pattern during ﬁnancial crises. The cross-
border contagion effects depicted on the increasing correlations and
the herding behaviour among investors as the correlations remain
high conﬁrm the existing empirical evidence. We also compare two dif-
ferent crises in terms of correlations to observe higher correlations in
the recent Global ﬁnancial crisis than in the Asian one. The ﬁnancial
liberalisation, deregulation and integration of the markets has led to
more apparent market interdependence nowadays. Such a conclusion
has major policy implications and a substantial impact on the current
risk management practices.s graphs.
Fig. A.2. Dynamic conditional correlations graphs whole sample.
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correlations graphs subsamples.
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